Abstract This study has developed a novel saliency detection method based on compactness feature for detecting three common types of leakage in retinal fluorescein angiogram: large focal, punctate focal, and vessel segment leakage. Leakage from retinal vessels occurs in a wide range of retinal diseases, such as diabetic maculopathy and paediatric malarial retinopathy. The proposed framework consists of three major steps: saliency detection, saliency refinement and leakage detection. First, the Retinex theory is adapted to address the illumination inhomogeneity problem. Then two saliency cues, intensity and compactness, are proposed for the estimation of the saliency map of each individual superpixel at each level. The saliency maps at different levels over the same cues are fused using an averaging operator. Finally, the leaking sites can be detected by masking the vessel and optic disc regions. The effectiveness of this framework has been evaluated by applying it to different types of leakage images with cerebral malaria. The sensitivity in detecting large focal, punctate focal and vessel segment leakage is 98.1%, 88.2% and 82.7%, respectively, when compared to a reference standard of manual annotations by expert human observers. The developed framework will become a new powerful tool for studying retinal conditions involving retinal leakage.
Introduction
Fluorescein angiography (FA) is derived by taking a series of digital photographs of the retina before and after the fluorescein reaches the retinal circulation. FA's ability to capture a range of retinal abnormalities in differential diagnosis of retinal diseases, such as age-related macular degeneration (AMD), diabetic retinopathy (DR) and malarial retinopathy (MR) [1] [2] [3] . FA provides a map of retinal vascular structure and function by highlighting blockage to, and leakage from, retinal vessels.
Retinal vessel leakage is particularly relevant to cerebral malaria (CM) [2, 3] . Three types of leakage can be observed on fluorescein angiogram (FA) of malaria retinopathy (MR): large focal, punctate focal, and vessel segment leakage [4] , see Fig. 1 . Large focal leakage describes one or more large, usually circular, areas of leak, where the greatest linear diameter is larger than 125µm. Punctate focal leak involves small but intensely bright sites of leak, where the greatest linear diameter is less than 125µm. Leakage from vessel segments appears as increased brightness and blurring of vessels. These three types of leakage on MR recently have been defined on [5] . However, the research of detecting leakage on retinal image is relatively unexplored. To the best of our knowledge, there is no automated method to detect leakage on MR. In other ocular diseases has received little, such as diabetic retinopathy [6] , retinal vein occlusion [7] , hyperfluorescent [8] and choroidal neovascularization [9] [10] [11] , if any, attention. In the section, only the related works on detecting the abnormalities on different modalities of medical images by saliency information will be reviewed. Yuan et al. [12] proposed a saliency based ulcer detection method for wireless capsule endoscopy (WCE) diagnosis. It uses the multi-level superpixel representation as the pre-processing of saliency detection, and the saliency map is generated by a fusion strategy of integrating all obtained saliency maps from all levels. This method is capable to represent the accurate contour of the ulcer regions, and the ulcer regions are located by classification tasks. Mahapatra and Sun used the saliency and gradient information in Markov random field for non-rigid registration of dynamic MR cardiac perfusion images [13] . This approach addresses the problem that majority of the nonrigid registration algorithms do not give satisfactory results in the presence of intensity changes. A visual saliency based bright lesion detection is introduced in [14] . The spectral residual saliency model [15] was employed to compute the saliency map of the color fundus retinal images. The saliency computation obtains a sparse representation of images, and an image can be classified as normal or abnormal (having bright lesions) by the obtained saliency information. Jampani et al. [16] analyzed the relevance of saliency models in detecting abnormalities in two types of medical images. The authors extended the graph based visual saliency [17] models to detect the diffuse lesions in chest X-ray images, and high contrast lesions in retinal images. Zhao et al. [18] proposed a framework to detect the vessel abnormalities on FA with application to malarial retinopathy. The authors used the intensity and shape information to generate the saliency map to detect the intra vascular filling defect. However, the domain of uncertainty-based image processing techniques may also be employed to yield the abnormality detection [19] [20] [21] [22] [23] [24] .
The limitation of these works are that the effectiveness and robustness is not convincing enough, such as the dataset used for validation in [12] is relative too small. The saliency provided a high quality of contrast enhanced images by [13] , but the gradient information still can be influenced by noise and does not accurately register the boundary of the left ventricle. The approach [14] is invalid on detection spot lesions, such as microneurysms.
Proposed Work
In this application, we define saliency in terms of information content: a keypoint corresponds to a particular image location within a structure with a low probability of occurrence (i.e. high information content). For example, leakage of fluorescent dye causes a large difference in brightness between the leak and surrounding non-leaking areas. In this instance, the leaking regions may be defined as salient regions as the leakage of fluorescent dye causes a large difference in brightness between the leak and surrounding non-leaking areas. We have successfully integrated the intensity and compactness information to generate the saliency map for the detection of leakage in FA image. By gathering the intensity and compactness features, the estimated saliency map is not only able to distinguish the regions where the intensities are significant different to their surroundings, but also has the capacity to avoid the nonleaking regions with large intensity by considering the compactness of the objects in the given images. The contributions of the proposed method can be concluded as follows:
First, we propose a new unsupervised technique to detect and quantify the type of leakage in MR by a novel adaptation of the concept of saliency [25] . Saliency is a predictor of object regions which attract human attention. Saliency emerges from such characteristics in features of the image as visual uniqueness, unpredictability, or rarity, and is often attributed to variations in specific image attributes such as color, gradient, edges, and boundaries [26, 27] . Such attributes are characteristic of retinal leakage in FA images. It indicates the relative importance of visual features, and is closely related to the characteristics of human perception and processing of visual stimuli [25, 28] . The most general model of saliency detection is described by Itti and Koch [25] . Other existing saliency detection methods for feature determination can be divided into four classes: pixel-based methods [29-31, 25, 32, 17, 33] ; regionbased methods [26, 34, 28] ; frequency-based methods [15, [35] [36] [37] ; parameter learning-based methods [38] [39] [40] .
Second, we have proposed a new feature -compactness to refine the intensitybased saliency map. Normally, human observers pay more attention to a more compact object than to a more diffuse object. The measure of compactness of an object might therefore be of use as a complementary feature to intensity for saliency measurement, with the aim of reducing the number of falsely-detected salient regions.
The proposed leakage detection framework consists three main phases: saliency estimation, saliency refinement, and leakage detection. The performance of this framework also will be evaluated against the human expert reference standard. The rest of this paper is organized as follows: section 2 describes the leakage detection methods, which consists of saliency detection and refinement. A brief introduction to the dataset and evaluation metrics are provided in section 3. In addition, the experimental results and the evaluations against the human graders on detecting leakage are also demonstrated in section 3. Finally, the paper is discussed and concluded in section 4.
Method
The proposed framework consists of three main phases, which are saliency detection, saliency refinement, and leakage detection. In this section, all procedures are described in detail.
Saliency Detection
We now describe our saliency computation, which is based on the assumptions that (i) a salient region is always different from its surrounding context [40] , and (ii) a more compact object tends to draw more visual attention [41] . The proposed saliency detection is formulated from Shannon's information definition. In the case of images, the content of a region around one pixel would be more informative than a single pixel. Let P i ∈ I be the viable local
Algorithm 1 Pseudo Code of Saliency and Leakage Detection
Input: An FA image I with focal leakage. Saliency Detection:
1: for each image do 2: compute the intensity-based saliency using Eq. 3 3: end for 4: for each image do 5:
compactness-based saliency using Eq. 6; 6: end for Leakage Detection:
1: normalize S to [0, 1], threshold (T = 0.65) it to obtain ROIs. 2: for ROIs do 3: graph cut segmentation; 4: end for 5: mask the vessel region from S, and remove optic disc regions and small/isolated objects. Output: The detected focal leaking areas in the given image I.
representation as a patch that represents pixel i (here, a 3× 3 window centred on pixel i is used to define the patch), and I indicates the input image. The patches can be seen as samples of a multivariate probability function (PDF). The kernel density estimator (KDE) is chosen, as, being non-parametric, it will permit the estimation of any PDF. The probability of a patch P j may now be defined as
where d is a distance function that will be discussed later, K is a kernel, h is a smoothing parameter, and N represents the number of pixels. The KDE method has the capacity to average out the contribution of each sample i by spreading it over a certain area [42] , which is defined by K. The multivariate distribution will have a higher probability if the patches are in dense areas. From our experience, the most commonly used and appropriate kernel is a Gaussian function with zero mean and standard deviation σ k . Using a Gaussian kernel, equation (1) can be rewritten as
The estimated probabilities are taken from an actual PDF by setting a proper constant Γ . σ = 0.2 is chosen to substitute for h. After determining the probability of the patches, the intensity-based saliency S measure can be defined as follows:
where d is relative average distance. The relative distance is used in case the distribution of the data is not uniform, and the distance metric mainly focuses on the relationships between neighboring points. Let a patch set W in the input image contains n patches P 1 , P 2 , ...P n . The relative average distance of a pair of patches P i , P j ∈ W is defined as follows:
The ave P k ⊂W ( P i − P k 2 ) are the average Euclidean distance between P i and other patches P k belonging to W respectively. For two sets of points/pixels with similar neighboring relationships but different densities (i.e., similar relative density), the absolute distances between corresponding points differ dramatically from each other, but the relative distances are in general similar [43] . This is an advantage of the relative distance metric in reflecting the relative density of points and relative scale of the imaged objects. In this application, the intensity-based saliency will finally be normalized into range [0,1].
Saliency Refinement
Intuitively, the leakage region in a FA image presents different intensity information compared with the normal FA cases. However, it is observed that using the intensity feature alone to detect the salient region is not always successful [26] , also has been evidenced by Fig. 2(b) . The non-vessel regions with high-brightness in the middle of the image are also assigned as high salient, but we perceive the leakage and vessels as more salient. Therefore, this section introduces an additional feature -compactness. Normally, human pay more attention on a more compact object than a more diffuse object. The measure of compactness of an object might be used as a complementary feature for saliency measurement, with the aim of overcoming the conflict of the falsely detected salient region.
For patch P j , the compactness c(P j ) is defined as where σ x,q and σ y,q are the standard deviations of the x and y coordinates of centroid of patch in P j , and α is a constant factor that is empirically set to 15. X and Y are the width and height of the input image. Then by incorporating the compactness information with intensity of given image, the compactnesswise dissimilarity measure between P i and P j can be defined as
where term S i − S j indicates the distinctiveness of intensity-based characteristic of patch P i and P j . d(P j , P i ) is the relative average distance of patch P j and P j , which has been proposed in Eq (3). The constant factor β is empirically set to 300. The compactness-based saliency of P j can be written as
Fig . 2 demonstrates the effectiveness of the saliency refinement. It can be observed the region of interest, such as large vessel and leaking areas, have been highlighted, and the background is suppressed.
Leakage Detection
The overview of the main steps taken by our algorithm for detecting three type of leakages have been demonstrated on Fig. 3 . After using the proposed saliency detction method, the contrast between vessels/leakages and background has been successfully enhanced (Fig. 3(b) ). The appearance of these leaks are highlighted, and the background regions are suppressed, when compared to the original image.
Once the saliency map is computed and normalized to [0,1], a threshold value T = 0.65 is applied to the saliency map to obtain the ROIs, as shown as Fig. 3(c) . The most common methods to detect the leaking region by thresholding approach. However, the thresholding approach cannot guarantee smooth boundaries of the structure, and always generate isolated fragments. In light of this inadequacy, more sophisticated segmentation would perform better results. On the other hand, the computation cost of a segmentation tool is also an important factor to be taken into account for potential real applications. For these two reasons, we advocate here a graph cut based segmentation model [44] on the obtained ROIs to locate the leakage.
Let N be the set of edges {(u, v)}, and M denote the number of image pixels, the discrete energy function can be given as:
where x = (x 1 , · · · , x N ) is the binary labelling where the x u is either 0 or 1 depending on whether the pixel u belongs to background Ω 1 or foreground Ω 2 . The first term here approximates the region terms while the second term approximates the regularization term. The unary term E u and binary term E uv are defined as:
where E 0 u , E 1 u denote the weights between the node u and the two terminals while w uv denotes the weight between neighboring pixels u and v.
The infinite perimeter active contour with hybrid region (IPACHR) method [45] is used to segment retinal vessels for its good performance.In brief, this method uses an infinite perimeter active contour model for its effectiveness in detecting objects (e.g. vessels) with irregular and oscillatory boundaries. Moreover, this method considers hybrid region information (local phase based vesselness map and intensity) in an image in order to achieve further improved performance compared to the standard infinite perimeter active contour model. For more details, we refer readers to the original paper [45] .
Any small and/or isolated objects are eliminated after masking the vessel regions, by the use of a disk-shaped opening operation with a radius of 2 pixels. In most cases, the optic disc is detected as a salient region, and should be removed. In this framework, the optic disc can be distinguished by counting the number of nearby vessels in the remaining regions. Typically, the number of vessels surrounding the optic disc is much larger than the number of vessels close to large focal leaking sites. The threshold vessel number is empirically chosen as 5. In other words, a region with a surrounding vessel number greater than 5 will be assumed to be the optic disc [46, 18] , and will be removed. In our experiments this method is found to be efficient and effective, however, the other optic disc removal methods may equally be used. Finally, the retained regions could be defined as the leaking area Fig. 3(e) .
Experimental Results
The detection framework in three types of leakage was implemented in Matlab 2013a. All the experiments were performed on a PC with Intel(R) Core(TM)i7-4790K CPU 4.0GHz system and 16GB RAM.
Dataset
The dataset we used comprises retinal FA images taken from children with CM admitted to the Malaria Research Project Ward, Queen Elizabeth Central Hospital, Blantyre, Malawi. Ethical approval for retinal examination and imaging was given by committees in Blantyre and at collaborating institutions. Consent was given by the guardians of subjects before examination and imaging. The images were systematically sorted and graded for quality by the Reading Centre at St Paul's Eye Unit, Royal Liverpool University Hospital and Department of Eye and Vision Science, University of Liverpool. For more details on this dataset, we refer to [5] .
Results and Discussions
In the large focal and punctate leakage detections, the montage images were used, to avoid over-counting sites of leakage. 20 images (one per patient) with large focal leakage, and 10 images from 6 patients with punctate leakage were used. Note, punctate focal leakage is relatively less common compared with the other two leakage types (large focal and vessel segment leakage), only 6 patients were found with this leakage in database, and 10 images from these patients (including both macula-centred and montage images) were chosen for evaluation. An ophthalmologist (IJCM) defined the boundaries of each large focal leak, and the centre point of each punctate focal leak. The sensitivity, false positive per image, false negative per image, and ratio of overlapping area (OR) were used as the evaluation metrics. The OR is defined as: OR = #the pixel length of overlapped region #the pixel length of the annotated leak area by human expert . 
Punctate focal
The top row of Fig. 4 show that the punctate focal leak regions were detected by both the human expert and the proposed method, respectively. It can be seen that most sites of punctate focal leaking region were located by our automated framework. Table 1 illustrates the evaluation results of our automated method on detecting punctate focal leakage, in terms of sensitivity, false positives (FP) per image of punctate focal leakage number, and the false negatives (FN) per image of punctate focal leakage number. According to the human reference standard there were 240 sites of punctate focal leakage in the tested 10 images. The sensitivity of the detection on punctate focal leakage is 0.882, which shows the proposed method has successfully detected 211 out of these 240 sites of leakage. However, 29 site were missed, leading to a false negative ratio of 2.832 per image. Meanwhile, false positive ratio is 1.1 per image, because 11 sites were falsely determined as punctate focal leakage by proposed method due to the image artefact and local imbalanced illumination.
Large focal
The middle row of Fig. 4 demonstrates the detection of large focal leakage by both human expert and the proposed method, respectively. It can be seen that the detected leakage regions are slightly different, since it is difficult to exactly define the boundary of a leaking area by hand since the contrast gradually fades at the edge of the lesion. Table 1 also indicates the evaluation results of the developed framework in the detection of large focal leakage, in terms of sensitivity, false positives of focal leakage regions per image, false negatives per image of focal leakage regions, and the overlapping area between the regions detected by the proposed method and human expert. In these studied images, a total of 41 sites of large focal leak were identified by the human expert reference standard. In our framework, it only failed to detect 1 out of these focal leak sites, which has been evidenced by the sensitivity ratio of 0.976, and has a false negative ratio of 0.05 per image. Meanwhile, our method has a false positive ratio of 0, which means there were no regions falsely identified as large focal leakage.
Vessel segment
The bottom of Fig. 4 indicate the results of vessel segment leakage detection. Green designates the non-leaking vessels and red the leaking vessels. It is worth noting that only vessels labeled by human observers were considered for detection. In contrast, the second human observer appears to over-detect abnormal vessels. It clearly can be seen that the results of our automated method and the reference standard are very similar. Table 2 shows the evaluation results of the proposed vessel segment leakage detection in terms of sensitivity (Se), specificity (Sp), accuracy (Acc), and area under curve (AUC). These metrics are defined as follows: Se = tp tp + fn , Sp = tn tn + fp , Acc = tp + tn tp + fp + tn + fn ,
where tp, tn, fp and fn indicate the true positive (the number of correctly identified leaking vessel segments), true negative (the number of correctly identified non-leaking vessel segments), false positive (the number of incorrectly identified leaking vessel segments), and false negative(the number or incorrectly identified non-leaking vessel segments), respectively. In particular AU C is calculated as suggested by Hong et al [47] . An AUC of 1.0 means that the classifier distinguishes class examples perfectly. Two human experts were asked to selected leaking vessels and non-leaking vessels independently, and a consensus annotation between the two of them was used as the final reference standard. In order to assess inter-observer variation, a third grader labeled the vessels using the same method. According to the human reference standard these 10 images contained 2,103 leaking vessel segments. Compared to the reference standard, the sensitivity, specificity, accuracy, and AUC of the automated method is 0.827 ± 0.08, 0.834 ± 0.039, and 0.812 ± 0.044. The previously reported degree of correspondence between the third human observer's annotation and the reference annotation are also provided. It is noteworthy that the interobserver sensitivity, specificity, and accuracy were lower than our automatic method: 0.793 ± 0.062, 0.736 ± 0.736 and 0.758 ± 0.09, respectively. We also considered the area under the curve (AUC), which is equal to 1 for a perfect system, as a single metric to quantify the performance of our framework in detecting vessel segments leakage. In contrast, the AUC rate of automated method is 0.065 higher than human observer. In brief, this table shows that the developed automatic vessel segments leakage detection method can perform better than or at least as well as a human expert.
Conclusions
This paper proposed an innovative framework for the detection of three types of leakage founded on saliency detection, with the aim of supporting the study of abnormalities revealed in retinal images. The framework benefits from three major components: saliency estimation, saliency refinement, and leakage detection. We have successfully integrated compactness based feature to refined the intensity based saliency map. The proposed saliency detection method is promising on generating accurate saliency maps with well-highlighted leaking area, and the obtained saliency map is capable to guide the detection of leakage. The effectiveness of this method has been tested on FA images from patients with malarial retinopathy.
Our method demonstrated satisfactory overall performance on large focal, punctate focal and vessel segment leakage detection. In our future work, we will extend the current saliency-guided leakage detection model to other vascular diseases, such as diabetic retinopathy. We believe that this innovative framework has the potential to be developed further as a useful tool for fast, accurate and objective assessment of leak in a range of vascular diseases. However, it is still desirable to optimize the parameters of the proposed method in short future, such as the threshold value to generate the binary segmentation of the region of interest from saliency maps, as well as the patch size.
